Abstract-The Environmental Transmission Electron Microscopy (ETEM) provides a powerful tool to observe the formation and evolution of nano-particles over time. However, ETEM generates extremely large amounts of data at level of 3GB/s, which impossible to be analyzed by manually processing or even by using a single PC. Moreover, the image stream obtained from the ETEM is very noisy. In this project, our goal is automatically analyze the physical characteristics of the nanoparticles. We proposed an approach that detect the nano-particles in each frame, and then track all the nano-particles over time, finally we can analyze the dynamical physical characteristics of the nano-particles, such as merging, absorbing, size and distance change over time. Specifically, our proposed approach detects the nano-particles in each frame independently, which could be highly parallelized. The experimental results show the proposed model could detect and track nano-particles robustly.
I. INTRODUCTION
The development of environmental transmission electron microscopy (ETEM) provides a powerful tool to observe the formation and evolution of nano-particles, and thus allows domain scientists to obtain morphological, structural and chemical information about studying material under reaction conditions at atomic scale [1] . With the better detective quantum efficiency (DQE) compares to the Coupled Charge Device (CCD), the direct electron detectors (DED) have already made breakthrough in biology field with low dose imaging. The higher sensitivity can be turned to use for low dose imaging with large frame rate that could reach as fast as 1600 frame per second, and thus it is able to react with sub-millisecond resolution. The high frame rate results the huge volume of data streams (at 3GB/s) with the high noise level. In this work, we study on this huge volumes of high noise data stream. Specifically, in this project, there are three major challenges:
• Very high noise levels prevent the direct use of standard traditional image segmentation approaches such as Otsu thresholding: discrimination between particles and background is very vague.
• Motion of the imaging area occurs due to the high level of magnification.
• Raw data has a very large volume ( 3GB/s), which prevents in-memory computation on a normal workstation.
II. PROPOSED METHOD

A. Overview
The proposed ETEM streaming video analysis method includes two major parts. The first part is the nano-particle detection in each frame, and upon on that, the second part is to tracking all the nano-particles across frames. The first part, as shown in Fig. 2 , is consist of following steps:
• Obtaining all the possible edges, and filling all the close regions • Fitting all the possible circle regions • Combining both result regions Since the nano-particle detection algorithm process all the frames independently, this steps could be highly parallelized.
B. Nano-particle detection in each frame
The original frames obtained from the ETEM machine are very noisy. To remove the noise, we first align and average a number of (10 in this paper) frames, as shown in 1) Edge detection and filling: To find the edges in the frame, we apply the Canny edge detector [2] in multiple scales. Specifically, we first detect the edges of the original scale and a smaller scale, and then combine both of the detected edges. As shown in Fig. 4 , the edges detected from two scales are complementary, thus the multi-scale strategy makes the final edge detection result more robust.
The Canny edge detector is consist of five steps: first, it smooth the image to removes noises by using a Gaussian filter; then the intensity gradients are calculated; third, removing the spurious edges by using the non-maximum suppression; fourth, obtaining the potential edges by applying double threshold; finally, tracking the edges by hysteresis: finalize the detection of edges by suppressing all the other edges that are weak and not connected to strong edges. The close region filling is based on the morphological reconstruction operation, defined as following:
where D is the Geodesic Dilation defined as:
Then, the close region filling could be calculated by:
where the Marker F if defined as: 2) Circle Fitting: In this work, all the nano-particles are roundish, thus we can use this prior knowledge to help us further improve the segmentation results. Specifically, we use the circle Hough transform (CHT) [3] to fit the edge points. A circle with radius R and center (x, y) can be described as the parametric equation
The locus of (x, y) points in the parameter space fall on a circle of radius R centered at (a, b). The true center point will be common to all parameter circles, and can be found with a Hough accumulation array.
3) Detection results: By combining the filling closed region the circle fitting results, we finally obtain the nano-particle detection results shown in Fig. 7 . We can see that all the nanoparticles are detected and segmented well. We do the same process on all the frames independently, which could be highly parallelized.
C. Nano-particle tracking across frames
To track the nano-particles across frame, we apply the ThinPlate Spline Robust Point Matching (TPS-RPM) algorithm [4] , which is well known as a robust algorithm to match two sets of points by exploring the correlations among these points. indicates the probability of the match between u p and v q . A deformable transform f = (f x , f y ) and H could be jointly determined by minimizing a energy function E:
where
, which reflects the smoothness of the deformable transform f. The matrix H will be thresholded to obtain the matching between U and V . By involving the last two terms, TPS-RPM can deal with the noise and identify unmatched points. In this project, we apply TPS-RPM to
III. RESULTS
We evaluated our nano-particles detection/segmentation and tracking method on a video with length of 137 minutes. To evaluate our tracking method, we sampled the video 20 frames every 7 min. There are 390 nano-particles at the beginning, and 200 nano-particles at the end of this video. We first show the sizes of all the particles, the average of particle sizes, the total volume of particles change over time in Fig. 8 . Then, we show the distribution of the particle size changes over time in Fig. 9 . Fig. 9 . The distribution of the particle size changes over time.
Finally, we show the local structure information, i.e., for the specific particle, we show the distance and size of its neighbors change over time, as in Fig. 10 . 
IV. CONCLUSION AND FUTURE WORKS
The results obtained on representative ETEM data validates the feasibility of the automation of this process to assist experimental scientists in their analysis.
Future work will apply the state-of-the-art deep learning models in analysis nano-particles. Recently, the deep neural networks, especially deep convolutional neural networks (CNN), and recurrent neural networks (RNN) have raised the bar substantially for many computer vision benchmarks, including the object detection, tracking and action recognition. This suits for our nano-particle analysis project since we need to detect and track nano-particles, and analyze their dynamical activity over time. Both CNN and RNN could be end-to-end trained and then detect, track nano-particles simultaneously. Also, the training and testing of CNN and RNN could be highly parallelized by using multiple GPU nodes. Therefore, we plan to use the BNL GPU cluster to real time analyze the large scale ETEM streaming data.
